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Abstract

The increasing penetration of inverter-based resources and the growing complexity of mod-
ern power systems have made voltage stability assessment a critical aspect of transmission
network operation. This paper presents a review of the main methods and indices adopted
for voltage stability assessment, with emphasis on their applicability to real-time moni-
toring and inverter-dominated grids. The review covers both long-term and short-term
voltage stability approaches, including L-index methods, Jacobian- and singular-value-
based techniques, Lyapunov-exponent-based methods, trajectory-based indices, and recent
artificial intelligence applications. For each method, the main advantages, limitations,
computational requirements, and suitability for PMU-based monitoring are discussed. The
analysis shows that no single indicator can fully describe all voltage instability phenomena.
Instead, combining complementary static and dynamic indices provides a more complete
basis for wide-area monitoring and real-time operational support in future power systems.
Moreover, the main open challenges related to threshold definition, robustness under
evolving grid conditions, and the integration of data-driven techniques into operational
stability assessment schemes are discussed.

Keywords: voltage stability assessment; power system stability; inverter-based resources;
PMU monitoring; voltage stability indices; transmission networks

1. Introduction

Voltage stability has become one of the most critical challenges in the operation and
planning of modern electric power systems. The progressive transition from conventional
synchronous generation toward converter-interfaced renewable energy sources, together
with the increasing complexity of transmission networks and the continuous growth of
electricity demand, has significantly altered the dynamic behavior of power systems. In this
evolving scenario, maintaining acceptable voltage profiles under both normal operating
conditions and disturbances is becoming increasingly difficult, particularly in weak or
heavily stressed networks.

Traditionally, voltage instability phenomena were mainly associated with insufficient
reactive power support, long transmission corridors, heavily loaded systems, and the
progressive degradation of voltage magnitudes under increasing load demand. However,
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the widespread penetration of inverter-based resources (IBRs), such as photovoltaic systems,
wind power plants, battery energy storage systems, and HVDC converters, has introduced
new operational challenges and dynamic interactions that cannot always be adequately
captured using conventional stability assessment approaches [1,2]. Unlike synchronous
machines, inverter-based generators are characterized by faster dynamics, limited overload
capability, and control-dependent behavior, which strongly influence both short-term and
long-term voltage stability mechanisms.

Voltage instability may develop over different time scales and under different physical
mechanisms. Long-term voltage instability is generally associated with slow dynamics
involving tap changers, reactive power limitations, load recovery mechanisms, and voltage
control actions. Conversely, short-term voltage instability is characterized by fast transient
phenomena involving induction motors, converter-interfaced generation systems, HVDC
links, and fast-reacting loads [3,4]. In modern power systems, these mechanisms are often
interconnected, making the evaluation of voltage stability increasingly challenging.

To address these issues, a large variety of voltage stability assessment (VSA) methods
and voltage stability indices (VSIs) have been proposed in the literature in recent decades.
Classical approaches include Jacobian-based methods, sensitivity analysis, modal analy-
sis, continuation power flow techniques, and loadability indices such as the well-known
L-index [5,6]. More recently, measurement-based and model-free approaches relying on
synchronized phasor measurements obtained from Phasor Measurement Units (PMUs)
have attracted considerable attention due to their suitability for real-time monitoring appli-
cations [7,8]. In parallel, data-driven and artificial intelligence techniques have emerged as
promising tools for stability prediction and online security assessment [9,10].

Despite the large number of proposed methodologies, no single index or assessment
technique is capable of fully characterizing all voltage instability mechanisms in modern
power systems. Many approaches exhibit limitations related to computational complexity,
sensitivity to measurement noise, dependence on accurate system models, or limited
applicability under evolving operating conditions and high penetration of renewable energy
sources. Furthermore, the increasing deployment of PMUs and wide-area monitoring
systems is shifting the focus from offline security studies toward online and predictive
stability assessment schemes.

In this context, this paper presents a structured review of the main methods and indices
currently adopted for voltage stability assessment in modern power systems. The review
covers both long-term and short-term voltage stability approaches, including model-based,
measurement-based, and data-driven techniques. Particular attention is devoted to the ap-
plicability of the reviewed methods in modern transmission networks characterized by high
penetration of inverter-based resources and the availability of synchronized measurements.
The main theoretical principles, advantages, limitations, computational requirements,
and practical implementation aspects of each approach are critically discussed.

The remainder of this paper is organized as follows. Section 2 introduces the fun-
damental concepts of voltage stability and discusses the impact of inverter-based re-
sources. Section 3 presents the classification of voltage stability assessment methodologies.
Sections 4 and 5 review the principal long-term and short-term voltage stability assess-
ment methods, respectively. Section 6 provides a comparative synthesis of the reviewed
techniques together with practical considerations for their implementation in modern
monitoring systems. Finally, Section 7 summarizes the main conclusions and discusses
future research directions.
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2. Voltage Stability in Modern Power Systems

This section establishes the physical background required for the assessment methods
reviewed in the remainder of the paper. First, the principal long-term and short-term
voltage stability mechanisms are summarized. The discussion then focuses on how inverter-
based resources modify these mechanisms through their control-dependent behavior,
current limitations, and interaction with network strength.

2.1. Fundamentals of Voltage Stability

Voltage stability refers to the ability of a power system to maintain acceptable voltage
magnitudes at all buses under normal operating conditions and after being subjected to
disturbances [6,11]. Voltage instability generally manifests itself through a progressive and
uncontrollable reduction of voltage magnitudes, potentially leading to voltage collapse and
widespread service interruptions. The phenomenon is strongly related to the capability of
the generation and transmission system to provide the reactive power required by loads
and network components.

Traditionally, voltage stability problems have been associated with heavily loaded
transmission corridors, insufficient reactive power support, long-distance power transfers,
and unfavorable network configurations. Under stressed operating conditions, incremental
increases in active and reactive power demand may cause excessive voltage drops, leading
the system operating point toward instability regions. In these situations, the Jacobian
matrix associated with the power-flow equations progressively becomes ill-conditioned
and eventually singular at the voltage-collapse point [6].

Voltage stability assessment must be distinguished from conventional static security
analysis. While static security mainly focuses on identifying thermal limit violations and
unacceptable voltage magnitudes through steady-state power-flow calculations, voltage
stability analysis additionally considers the dynamic evolution of the system following
disturbances and the ability of the network to recover acceptable operating conditions [12].
In practice, disturbances may trigger cascading events involving protection systems, gener-
ator reactive power limitations, load dynamics, and transmission line outages, potentially
resulting in severe voltage degradation or system collapse.

Voltage stability phenomena are commonly classified into long-term and short-term
categories according to the dominant dynamics involved and the characteristic time scale
of the instability process [2,3]. As illustrated in Figure 1, long-term voltage stability is
generally associated with slow dynamics involving on-load tap changers, generator exci-
tation systems, reactive power limitations, thermostatically controlled loads, and voltage
control actions. These phenomena typically evolve over time intervals ranging from several
seconds to minutes and are often characterized by progressive voltage decay caused by the
inability of the system to restore reactive power balance.

Conversely, short-term voltage stability is dominated by fast dynamic phenomena
involving induction motors, power-electronic converters, HVDC links, electronically con-
trolled loads, and inverter-based generation systems. The characteristic time scale ranges
from fractions of a second to a few seconds following a disturbance [13]. One of the most
common mechanisms associated with short-term voltage instability is induction motor
stalling. During severe voltage dips, induction motors decelerate while absorbing large
amounts of reactive current from the network. If the motor speed falls below a criti-
cal threshold, reacceleration may no longer be possible, causing prolonged low-voltage
conditions and potentially triggering cascading instability phenomena.

In modern power systems characterized by high penetration of inverter-based re-
sources, the traditional mechanisms of voltage instability are evolving. Converter-interfaced
renewable generation can partially decouple mechanical dynamics from grid voltage behav-
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ior, reducing the relevance of some classical instability mechanisms while simultaneously
introducing new control-related dynamic interactions [4]. Consequently, voltage stability
assessment increasingly requires the combined analysis of both static operating conditions

and fast dynamic responses.
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Figure 1. Classification of voltage stability phenomena according to dominant dynamics and charac-
teristic time scales.

Typical voltage trajectories associated with stable and unstable operating conditions
are illustrated in Figure 2. Following a disturbance, a stable system is characterized by a
temporary voltage dip followed by recovery toward an acceptable steady-state condition.
Long-term voltage instability generally manifests itself through a slow and progressive
voltage degradation, while short-term instability is associated with rapid voltage collapse
caused by fast dynamic interactions and insufficient reactive power support.
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Figure 2. Typical voltage trajectories associated with stable operation, long-term voltage instability,
and short-term voltage instability following a disturbance.

From an operational perspective, voltage stability is closely connected to the manage-
ment of reactive power resources throughout the transmission system. Reactive power
compensation devices, synchronous condensers, generator excitation systems, static VAR
compensators, STATCOMs, and converter-interfaced resources all contribute to maintain-
ing acceptable voltage profiles and preserving adequate stability margins. Accurate voltage
stability assessment therefore plays a crucial role in both long-term planning studies and
real-time operational decision-making.
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2.2. The Impact of Inverter-Based Generation Systems on Voltage Stability

Modern inverter-based generation systems (IBRs) connected to the grid undoubtedly
exhibit faster dynamics compared to traditional synchronous generators. The inverter con-
trol strategy determines steady-state behavior and naturally dominates transient response
following contingencies.

Instability or disconnection of such generation systems can increase power flows,
leading to voltage instability, also due to the lack of reactive power support originally
provided by these innovative generation systems. Even without disconnection, it should
be noted that, under critical conditions, the converter current magnitude may reach its
maximum allowable value, so that, behaving as a current source, the overall system may
become unstable.

It is therefore crucial that, following a credible contingency, such generation systems
remain connected to the grid and effectively contribute to sustaining voltage levels. It
is worth highlighting that they must also help mitigate frequency variations, and that
instability phenomena may be exacerbated by the intermittent nature of renewable sources.

Critical situations strongly depend on grid strength, also referred to as grid stiffness,
widely used to describe the ability of the power system to maintain voltage stability under
contingencies. This parameter also significantly influences the synchronization capability
of inverters with the grid; when connected to a bus with inadequate short-circuit capacity,
loss of stability or oscillations with negative damping may occur.

The parameter SCR (Short Circuit Ratio) is defined to characterize grid strength. If a
generic bus is connected to an inverter-based resource, the SCR is defined as:

MVAsc bus
SCRbuS B erating IBR (1)
where MVAgc pys is the short-circuit apparent power at the considered bus, while
MWiating 1BR T€presents the rated power of the inverter-based resource connected to the
same bus.

This metric is suitable for a single generation system but does not fully account for
the presence of nearby generation units. When multiple IBR systems are present, alterna-
tive metrics have been proposed, such as the Weighted Short Circuit Ratio (WSCR) [14],
defined as:

Y (MVAsc busi - MWraging 18R i)
"y (MWsating 18,7)

where MVAgc pys; is the short-circuit apparent power at the bus connected to the i-th

WSCR =

()

inverter-based resource, while MWiating 18R, is the rated power of the corresponding
inverter-based resource.

Several additional metrics have been proposed in the literature to assess system
strength in networks with a high penetration of inverter-based resources.

The Composite Short-Circuit Ratio (CSCR) [1] extends the conventional SCR con-
cept by aggregating multiple IBRs electrically close to each other into a composite node.

The CSCR is defined as:
MVAsc composite

CSCR =
erating all IBRs

(©)
where MVAsc composite i the short-circuit apparent power at the composite bus, while
MWhating anl 1BRs Tepresents the total rated power of all inverter-based resources connected
within the considered area.

Both the Weighted Short-Circuit Ratio (WSCR) and the Composite Short-Circuit Ratio
(CSCR) are based on the assumption that the inverter-based resources are electrically close
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to each other. Consequently, they neglect the impedance between converter buses and
may not accurately represent systems characterized by strong electrical interactions among
geographically distributed IBRs.

To overcome this limitation, the Equivalent Short-Circuit Ratio (EqSCR) was intro-
duced in [15]. EqSCR explicitly accounts for network topology and electrical coupling
among multiple inverter-based resources by considering the interaction among converter
buses. This allows a more accurate characterization of weak-grid conditions in modern
renewable-dominated transmission systems.

When SCR values are inadequate, either synchronous machines, possibly operated as
synchronous condensers, must be installed, or inverter operation philosophy must shift
toward the grid-forming concept. In this operating mode, the inverter no longer behaves
as a current source synchronized to the grid through a phase-locked loop, but emulates the
behavior of a synchronous machine by directly regulating voltage magnitude and frequency.
Consequently, the converter acts as a voltage source capable of actively supporting system
voltage stability.

The type of converter technology also has a significant impact on voltage stability
behavior. Line-Commutated Converter (LCC) HVDC systems are characterized by substan-
tial reactive power absorption during disturbances and may therefore aggravate voltage
instability phenomena under weak-grid conditions. Conversely, Voltage-Source Converter
(VSC) technologies provide enhanced controllability of active and reactive power, allowing
improved voltage-support capabilities and more flexible operation [1].

From a voltage-stability-assessment perspective, the influence of inverter-based re-
sources must also be distinguished according to the time scale under consideration. In quasi-
steady-state studies, the feasible operating point and the associated power-flow Jacobian
depend on the converter reactive-power capability, current limits, active-power set points,
plant-level voltage control, and the adopted grid-following or grid-forming control mode.
Once a converter reaches its current limit, active and reactive power can no longer be re-
garded as independently controllable. Consequently, static indices that assume unrestricted
reactive-power support may overestimate the actual stability margin.

At the short-term time scale, phase-locked-loop and current-control dynamics, fault-
ride-through logic, active- or reactive-current priority, protection settings, and post-fault
active-power recovery may dominate the voltage trajectory. Grid-forming control can
improve voltage and frequency support in weak networks, but its contribution remains
constrained by converter current limits and control settings. Classical model-based indices
therefore remain useful for identifying network stress, provided that converter operating
modes, controls, and limits are explicitly represented. PMU-based dynamic indices provide
complementary information on the actual post-disturbance response and are particularly
relevant when fast converter interactions cannot be adequately represented by quasi-steady-
state models [1,2,4].

The ongoing transition towards converter-dominated power systems is profoundly
changing the mechanisms governing voltage stability. The progressive displacement of
synchronous generation by inverter-based resources reduces system strength and modifies
the interaction between active power transfer, reactive power support, and voltage regula-
tion. As a result, the classical assumption of a weak coupling between active power flows
and voltage magnitudes, which underpins many conventional voltage stability assessment
methods, becomes progressively less accurate. Consequently, voltage stability can no longer
be regarded solely as a reactive power adequacy problem but should instead be analyzed
as the outcome of coupled active and reactive power dynamics, converter control actions,
and network strength.
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The large-scale blackout that affected the Iberian power system on 28 April 2025
further highlighted the increasing complexity of voltage stability phenomena in converter-
rich power systems. According to the final investigation carried out by the ENTSO-E Expert
Panel [16], the event resulted from a combination of technical, operational, and control-
related factors, with voltage control and reactive power management playing a central
role in the cascading sequence of events. Rather than being attributable to renewable
generation itself, the disturbance demonstrated how interactions among converter control
strategies, network strength, reactive power support, and system operating conditions may
significantly influence voltage stability in modern transmission networks. These findings
reinforce the need for voltage stability assessment methodologies capable of combining
static operating margins with dynamic indicators suitable for real-time monitoring and
decision support.

Figure 3 summarizes the main mechanisms through which inverter-based resources
influence voltage stability in modern power systems.

1. DIFFERENT DYNAMIC BEHAVIOR 3. DEPENDENCE ON GRID STRENGTH 4. METRICS BEYOND SCR
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Figure 3. Main mechanisms through which inverter-based resources influence voltage stability in
modern power systems.

3. Approaches for Voltage Stability Assessment
3.1. Literature Selection Criteria

The present study was conducted as a structured narrative review rather than as a
formal systematic review performed according to a PRISMA protocol. The literature search
was carried out primarily through IEEE Xplore, Scopus, and Web of Science, while Google
Scholar was used as a complementary source for citation tracking and the identification of
relevant technical reports. The search combined terms such as voltage stability assessment,
voltage stability index, voltage collapse, short-term voltage stability, long-term voltage
stability, PMU, wide-area monitoring, inverter-based resources, grid-forming converters,
Jacobian methods, Lyapunov exponent, and artificial intelligence.

The principal publication window covered the period from 2020 to 2025, while earlier
seminal contributions were retained when required to describe the theoretical foundations
of the reviewed methods. Eligible sources included peer-reviewed journals and confer-
ence papers and authoritative technical reports that proposed, analyzed, or compared
voltage-stability assessment methods; addressed long-term or short-term voltage stability;
or examined PMU-based monitoring, inverter-dominated systems, or real-time implemen-
tation. Duplicate records, non-technical publications, studies concerned exclusively with
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voltage control without a stability-assessment component, and works lacking sufficient
methodological detail were excluded.

The selected literature was organized according to the characteristic time scale of the
instability phenomenon, model dependence, measurement requirements, computational
burden, and suitability for online monitoring. Accordingly, the present paper should
be interpreted as a structured expert synthesis rather than as an exhaustive systematic
mapping of all publications in the field. Official technical reports published in 2026 and
available before the final update of the review were additionally considered when directly
relevant to recent system events.

3.2. Methods for Voltage Stability Assessment

Voltage Stability Assessment (VSA) methodologies can be broadly classified into
two main categories: long-term and short-term approaches. Long-term methods are
mainly aimed at evaluating the proximity of the system operating point to voltage collapse
conditions under quasi-steady-state assumptions, whereas short-term approaches focus on
the fast dynamic evolution of voltages following severe disturbances.

From a methodological perspective, long-term voltage stability approaches are gener-
ally divided into three main families:

*  model-based approaches;
*  preventive or hybrid approaches;
* measurement-based approaches.

Model-based techniques rely on detailed knowledge of the network model, including
the admittance matrix, generator models, load representations, and power-flow Jacobian
matrices. These methods typically include continuation power-flow techniques, sensitivity
analysis, modal analysis, singular-value decomposition approaches, and loadability in-
dices. Their main advantage is the strong physical interpretability of the obtained stability
margins. However, their practical implementation in real-time operational environments
may become challenging because of the need for continuously updated and accurate
network models.

Preventive and hybrid approaches combine offline simulations with online monitoring
techniques. In these methodologies, large sets of operating conditions and contingencies
are analyzed offline in order to identify critical operating regions and derive simplified
stability indicators suitable for online deployment. Such approaches provide a compromise
between computational efficiency and physical accuracy, allowing operators to estimate
stability margins without executing full dynamic simulations in real time.

Measurement-based approaches, on the other hand, exploit synchronized phasor
measurements provided by PMUs and Wide Area Monitoring Systems (WAMS). These
methods estimate stability margins directly from voltage and current measurements with-
out requiring complete knowledge of the system model. Thévenin-equivalent approaches,
impedance-based methods, and data-driven techniques belong to this category. Their main
advantage lies in their adaptability under continuously changing operating conditions and
in modern grids characterized by high penetration of inverter-based resources.

Figure 4 summarizes the main classification of voltage stability assessment method-
ologies discussed in this review.

Short-term voltage stability assessment methods are instead primarily focused on the
dynamic response of the system immediately following disturbances. These approaches
generally rely on high-frequency PMU measurements and are characterized by strict real-
time requirements. Because of the need for rapid detection capabilities, short-term methods
often avoid detailed parameter estimation and instead process voltage trajectories directly.
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Figure 4. Classification of voltage stability assessment methodologies in modern power systems.

Among the most widely investigated short-term indices are Lyapunov-based methods,
trajectory-based indices, transient voltage deviation indicators, and contingency severity
metrics [3,17]. In particular, Maximum Lyapunov Exponent (MLE)-based approaches are
attracting increasing attention because of their model-free nature and their capability to
provide early indications of instability directly from measured voltage trajectories.

The different VSA approaches can also be classified according to the amount of
information required for their implementation. Some methods require complete network
knowledge, including topology and dynamic models, whereas others operate exclusively on
local voltage measurements. Similarly, computational requirements may vary significantly
among the different techniques. Classical static indices are generally computationally
efficient and therefore suitable for online applications, while detailed dynamic simulations
and optimization-based methods may become too demanding for real-time deployment.

Another important aspect concerns the applicability of the methods under modern
operating conditions characterized by high penetration of renewable energy sources and
inverter-based generation. Several traditional approaches were originally developed for
synchronous-machine-dominated systems and may therefore require significant adapta-
tions in converter-dominated networks. In particular, the reduction of system inertia,
the increasing relevance of converter control dynamics, and the widespread presence of
power-electronic interfaces are progressively modifying the mechanisms associated with
voltage instability phenomena.

For practical operational deployment, voltage stability assessment techniques should
satisfy several important requirements:

¢  limited computational burden;

¢ real-time applicability;

. robustness against measurement uncertainty and noise;

¢ adaptability under varying operating conditions;

*  capability to provide sufficiently early warning signals;

*  physical interpretability of the obtained stability indicators.

The selection of appropriate indices therefore depends not only on theoretical accuracy
but also on operational constraints associated with measurement infrastructures, commu-
nication systems, computational platforms, and decision-making procedures adopted by
transmission system operators.
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3.3. Applicability to Converter-Dominated Power Systems

The increasing penetration of inverter-based resources does not make conventional
voltage-stability indices intrinsically invalid, since the algebraic relationships among bus
voltages, currents, and power injections remain applicable. However, the operating point
represented by these equations and the interpretation of the resulting indices become
conditional on the converter control mode, current limits, network strength, and the time
scale of interest [14,15]. In systems with high penetration of inverter-based resources,
converter controls broaden and couple the frequency ranges traditionally associated with
voltage, angle, and frequency stability. Consequently, a quasi-steady-state index should not
be interpreted as a complete measure of converter-driven stability [1,2,18,19].

For power-flow-, admittance-, and Jacobian-based methods, the main adaptation con-
cerns the formulation of the operating model rather than the algebraic definition of the
index. Inverter-based resources should be represented according to their actual steady-state
control objective—for example, constant active and reactive power, voltage/reactive-power
control, or grid-forming voltage control—and their reactive-power capability, current
saturation, and active/reactive current-priority logic should be taken into account. Pub-
lished studies show that inverter control modes can materially affect static voltage-stability
margins, while current saturation can modify both the feasible power injection and the
converter’s ability to recover its voltage-control mode after a disturbance [20,21]. Static
indices therefore remain useful for screening network stress, but they may overestimate the
usable operating margin if converter limits and operating-mode transitions are neglected.

For sensitivity, modal, and singular-value methods, the reduced power-flow Jacobian
remains informative when its underlying decoupling assumptions are sufficiently accu-
rate. In weak multi-converter networks, however, phase-locked-loop dynamics, network
topology, and converter-to-converter interactions can materially modify synchronization
stability margins [22,23]. When active-reactive power coupling is significant, the full
power-flow Jacobian should therefore be considered for quasi-steady-state analysis in-
stead of relying exclusively on a strictly decoupled formulation. For small-signal dynamic
studies, the linearized differential-algebraic model should include the relevant states of
the phase-locked loops, inner current controllers, outer voltage or reactive-power con-
trollers, and grid-forming control loops, according to the frequency range and time scale
under investigation.

Measurement-based and trajectory-based indices provide complementary information
on the actual post-disturbance response and are less dependent on the explicit represen-
tation of proprietary converter controls. Nevertheless, they are not parameter-free: the
faster and potentially oscillatory dynamics introduced by inverter-based resources affect
the required sampling rate, filtering procedure, numerical differentiation, moving-window
length, and decision thresholds. Accordingly, model-based quasi-static indices and PMU-
based dynamic indices should be regarded as complementary rather than interchangeable
assessment tools [8,19].

4. Methods for Long-Term Voltage Stability Assessment

Long-term voltage stability assessment evaluates the proximity of the operating point
to voltage-collapse conditions under quasi-steady-state assumptions. The methods re-
viewed in this section differ in their mathematical formulation, information requirements,
computational burden, and suitability for online implementation. Their applicability to
converter-dominated systems is interpreted according to the considerations introduced in
Sections 2.2 and 3.
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4.1. Analysis of L-Index

In the following, reference is made, for the sake of proper and rigorous clarification,
to the seminal work [5], which can undoubtedly be regarded as a cornerstone in the field
of voltage stability estimation. An index is derived with reference to a simple system and
then generalized. The choice to focus on this approach is based on the fact that such an
index can be effectively evaluated in the modern context of interconnected power systems,
provided that PMUs are suitably distributed throughout the network in order to estimate
the system configuration.

4.1.1. Estimation for a Simple Two-Bus System

Consider the system schematically represented in Figure 5.

I, Y, I,

A -~ A

T Vi Y, Y, Vv, Load

Figure 5. Simple system with one generation bus and one load bus.

It is assumed that V; and V; are the phasors of the nodal voltages, I1 and I, are the
phasors of the nodal currents, and S; and S, denote the corresponding complex powers.
The two-terminal element is fully described by the admittance matrix:

Y — Yii Y2 @)
Y1 Ya
It is therefore possible to write the following relation for node 2:
Sy*
I =YnVi+ YV, = Vo (5)
2
where S, is the complex power:
S> = VoIb* (6)
This relation can be rewritten as:
2 * 82* .
Vit WV = 7= =A+jp 7)
Y22
where: Vo = %Vl = fﬁ% and V22 corresponds to the squared magnitude of V;,
computed as Vo V™.
The modulus of V; is determined from (7) as:
V2 1%
Vo= 5 HAE\ AV €)
Equation (7) can be expressed in the following form:
1S2 — Yo' V| = VoVa* Yoo )
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This clearly shows that the operating points, characterized by the pair P,, Q, with
constant modulus V5, lie on circles in the complex plane P, + jQ,, whose center is given by
Yo>* V2 and the radius is Vo Vs Ya.

The envelope of these circles provides the stability limit, bearing in mind that system
operation is not possible outside this curve. At the envelope, it can be shown that the two
roots given by (8) coincide, namely:

V(A)1 2 2
L AAVE -2 =0 (10)

and:
VZ
Vo = 70 +A (11)
From (9), it follows that:
V2
A=VZ— 70 (12)

Substituting (12) into (10) allows the calculation of y:

4
VO

p=\VEVG - (13)

It is useful to highlight, for reasons that will soon be clear, that:

VA2 42 = V3§ (14)

Equation (7) can be expressed as:

Vo Sy* . A%]]x[

2 = = 15
Va o Y V7 1%, (15)

At the instability condition, the modulus leads to:

STIC) R P B e/ IV L (16)
V2 Yo, V3 1% 1%,

Relation (16) motivates the definition of the indicator L:

(17)

This indicator takes values between 0 and 1.

As highlighted in [5], the fact that index L approximates 1 as an intrinsic measure of
stability is linked to the consideration that the load-flow Jacobian becomes singular. For set
values of L, from (17) it follows that:

VY

-— 18)
L+ 1 —2cos(¢s, + ¢vy)

Sy

The curves (18) are ellipses in the P;, Q> plane.

4.1.2. Extension of the L Index to a Complex Network

The extension to complex networks obviously requires distinguishing between load
buses (PQ type), generation buses (PV type), and the slack bus; therefore, the network model

https://doi.org/10.3390/en19174025


https://doi.org/10.3390/en19174025

Energies 2026, 19, 4025

13 of 40

Zip =Y !

should be known. Actually, PQ, PV, and slack buses are modeling constructs, recalled here
only to frame the theoretical extension of the L-index to multi-bus networks. The practical
use of the index requires only the classification into load buses or generation buses.

The interconnected power network is described by the matrix relation:

I=YV (19)
This can be partitioned as:
I _ |Yir Yic||VL (20)
Ig Yor Ycc| |Ve

Denoting load buses by the subscript L and generator buses by the subscript G, the sys-
tem (20) can conveniently be put in hybrid form:

Vi| _ |Zr b || LI (21)
Ig Ker YEE || Ve
where the matrices Zr 1, Fig, Kgr, and YG{ are:
Fic=-Yir Wie¢ Ker=YerYir ! YE =Yg — YerYir WYic (22)
So it can be written that:
VL =2Zp.1L + FicVe (23)

It is shown that the matrix Fy g, obtained from the partitioning of the nodal admittance
matrix into sub-matrices, is practically real-valued and the sum of the elements of each
row is close to one. If we denote by n], and ng the number of load and generator buses
respectively, the matrix has dimension ny x ng. In particular, in [24] it is demonstrated that
if det(Yrr) # 0, then the following relation holds:

ng

Y Frgri=1 (24)
i—1

If det(Yrr) = 0 it can be demonstrated that:
ng
Y Frop=1 (25)
=1

1=

This matrix plays a fundamental role in voltage stability analysis, as clearly highlighted
below. For each load bus k € )1, one can write:

Vie= Y Zirilej+ Y, FrexVexi (26)
jeQr i€cQg

having partitioned the set of nodes into two disjoint subsets 27, and Q¢. Relation (26) can
be written as:

Vik+Vor=Zrrploe+ Y, Zipily, (27)
JEQL,j#k
where
Vor=—Y_ FriVoi
iEQG
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Multiplying both sides by V7 ; yields:
Vi +VorVig = ZiLuSix+ Vig ( Y. Zppil L,j) (28)
JEQLjFk
that is:
VO,kVi k ZLL kksL k V
1+ | = V2 V Y. Zppiilij (29)
Lk Lk jEQy,j#k

This can be rewritten in terms of the load powers as:

ZiiwSry Vi SL;
2ty | L Zuy V*’ (30)
Lk Lk \jeQr,j#k

VorVik

1+ 5
Vik

Equation (30) directly suggests the extension of the L index, derived for the two-bus
system, to a general complex network:

VorVik

1+
2
Vi

Zr1 ST, kL ( SL; ) |

z (31)

) Z LLkjyr*
VL,k V jeQyr,j#k VLJ

where Ly is the local voltage stability indicator of the k-th load bus.
It is straightforward to infer that the global voltage stability indicator for the system is:

)i, (e n

The evaluation of this index is straightforward and fast, as it does not require computing

Yicas FrexiVe i
Vi

Vo

1_
Vik

1+

L =
;ggz{ 13 (max

eigenvalues and eigenvectors of the load-flow Jacobian. However, knowledge of the
system nodal admittance matrix is necessary, which can, in any case, be estimated using
information provided by suitably distributed PMUs. In this case, however, PMU current
measurements—or alternatively active and reactive power measurements enabling current
estimation—must be available.

4.2. Sensitivity Matrix and Modal Analysis

As is well known, the linearized model of power flows [25] is expressed as:

AP
AQ

AV
AO

Jev  Jpe| |AV

=l Jov Joge

(33)

where AP and AQ are the nodal active and reactive power variations around the operating
point, and AV and A6 the vectors of variations in magnitudes and phases of the nodal
voltages. From (33) it is easy to demonstrate that:

AQ| _ Jov — JooJpe ‘Jpv  Joelpe '| |AV )
A0 —Jpo TPV Jee ! | |AP
If AP = 0 holds, the following variation model applies:
AQ = JgreaAV (35)

where:

Jo,rea = Jov — IQG]Pe_lfPV
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Thus, the sensitivity matrix

1
So = IQ,mfl = (IQV - IQ(-)IP971]PV>

can be defined.

The matrix Sg, therefore, expresses the system’s response, in terms of changes in nodal
voltages, to variations in the reactive power demanded by the network.

An alternative way to evaluate sensitivity, which is more efficient because it allows
the analysis to focus on the most critical nodes, is based on the modal analysis of the
reduced Jacobian [6]. On the other hand, the sensitivity matrix is closely related to the
reduced Jacobian.

In particular, sensitivity can also be assessed by analyzing the eigenvalues of the
reduced Jacobian. Let X and Y be the matrices of right and left eigenvectors of Jg req, and A
the matrix of eigenvalues. It follows that Y = X 1.

Equation (35) can be expressed as:

AQ = JoreaAV = XAX AV (36)
That is:
X 'AQ = AX AV (37)

Defining vectors
AQ, =X 'AQ = YAQ

and
AV, = X" 1AV = YAV

one obtains:
AQu = AAV,, (38)

This is equivalent, if # is the number of buses, to 1 decoupled systems:

AV,; 1
= — 39
AOmi Ay (39)

The instability condition emerges when A; — 0. The eigenvalues A; thus quantify
how incremental changes in reactive power injections affect nodal voltage magnitudes,
and therefore provide a direct indication of the system’s proximity to voltage instability.
In stable operating conditions, small variations in nodal voltages correspond to changes in
reactive power. The eigenvalues of the reduced Jacobian are therefore stable and relatively
large in magnitude.

As the operating point approaches the voltage-collapse region, however, the Jacobian
of the power-flow equations becomes ill-conditioned and its smallest eigenvalue tends
toward zero. This results in a sharp increase in the magnitude of the sensitivity coefficients,
which effectively diverge as the system approaches the bifurcation point.

The singular value decomposition of the reduced Jacobian is generally more effective
than a conventional eigenvalue analysis for assessing network sensitivity and stability.
While eigenvalues describe the intrinsic dynamic modes of the system, they do not quantify
how close the reduced Jacobian is to singularity nor how strongly small perturbations are
amplified. The singular values, and in particular the smallest one, provide a direct measure
of the conditioning of the reduced Jacobian and therefore of the system’s sensitivity to
variations in reactive power or operating conditions. Moreover, the SVD separates the
dominant input-output directions, allowing the identification of the most critical nodes
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and disturbance patterns, something that the eigenvalue structure alone cannot reveal.
For these reasons, the SVD offers a more robust and informative framework for evaluating
voltage stability margins and the overall fragility of the network [6].

Therefore, the minimum singular value is typically preferred as a stability-oriented
sensitivity index:

Omin = ; :Inl,ln,n (o
where
L = diag(cy,02,...,00)

and
Jorea = UZWT

The smallest singular value, in particular, reflects the system’s minimum stability
margin and its structural fragility.

4.3. Voltage Stability and Solvability of the Reactive Power Sharing Problem

Suppose that the nodal susceptance matrix is partitioned, distinguishing PV buses

B_ Bir Big (40)
Bgr Bgg

and PQ buses, as follows:

Disregarding shunt susceptances and assuming no phase-shifters, matrix By, is a
Metzler matrix with eigenvalues having negative real parts. The graph associated with
matrix By, is connected. Since, under normal operation, nodal voltage phase angles are
small, the reactive power sharing mechanism can, under these assumptions, be described
by the following decoupled model:

Q = —diag(V)BV (41)

where V = [V, T VGT] and Q = [Q LT, QGT}. In this formulation, V denotes the vector
containing the magnitudes of the nodal voltages. It is thus possible to write:

Qr = —diag(VL)(BLLVL + BLcVe) (42)
Voltages in the absence of reactive power demand can be defined as follows:
Vi* = —Bir 'BreVe (43)
The following relationship holds:
Qr = —diag(Vy)Brr (Ve — Vi.*) (44)

The critical load matrix Qi can be associated with vector Vi *:
1.. .
Qcrit = —Edlag(VL*)BLLdlag(VL*) (45)

It is shown [11,26,27] that H Qm-fl QL H measures the distance from voltage collapse;

more specifically, if

‘ Qerit QL Hoo < 1, problem (45) admits one and only one solution. It is

straightforward, in the context of voltage stability, to refer to the normalized voltage vector:

v = diag(Vy*) vy (46)
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Therefore, Equation (44) can be written as:

Q1 = —4diag(v)Qerit(v — 1) (47)

which is particularly meaningful, since it expresses the mechanism of reactive power
distribution in terms of the matrix Qyi¢.
In ref. [27], the network stress measure is conveniently defined as:

Jstress(v) = [[v — 1]l (48)

This formulation is naturally suited to frame the problem of stress minimization. If one
wishes to limit voltage magnitude deviations with respect to a reference value V¢ within a
tolerance band ¢, by acting on controllable reactive power resources Qc, with size ny x 1
the following constrained optimization model can be written:

rréicn {Istress (7)) }

st. QL+ Q.= _4diag(v>chit(v - 1)

Hdiag(VL*)v—Vreleoo oy (49)

Vie f
- Qc,min S Qc S Qc,max

Problem (49) is non-convex but can be solved without major difficulties. In [27], a lin-
earization procedure is proposed to transform it into a convex optimization problem. How-
ever, computational complexity is not discussed; the authors, in fact, focus their attention
on the planning-oriented validation and do not take into account real-time implementation.

4.4. Determination of the Minimum Distance from the Instability Condition

It is essential, starting from a given operating condition, to estimate the minimum
distance from the instability condition in terms of the active and reactive load power.
The following section outlines, in a schematic way, the methodology described in [25].

As already discussed, at the point of voltage instability, the Jacobian matrix of the
system of equations that describes the power flow distribution mechanism becomes singular.
It is useful to express this model in the following form:

f(x’p) — gl(x) _ P — gl(V’ 9) _ P gl(V/ 6) _ p — 0 (50)
g0¥)] Q] |[&(V.6)] |Q [s(V,0)
where [x] = [V, 0]7 is the state variable vector, having set
oo [P
ol

If we denote by ], and ], the Jacobian matrices of the vector function f with respect
to x and p, respectively, the system reaches the instability condition when the parameter p
and the corresponding state variable vector x are such that the Jacobian Jx(x, p) becomes
singular. It is therefore possible to define a characteristic hypersurface S such that, for every
point on it, Jx(x, p) is singular.

Suppose we have a given operating condition, characterized by (xo, po). The goal
is to determine the load power setting (P, Q) that corresponds to the minimum distance
between the point (xg, po) and the hypersurface S, which is assumed to be smooth.
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This search can be carried out according to the graphical procedure illustrated in
Figure 6, where, for the sake of representation, the problem is depicted in the P-Q plane for
a single load.

Reactive power pu

.
-

Active power pu

Figure 6. Graphical procedure for the determination of the minimum distance from the instability
condition.

Given the initial condition (xg, po), p is incremented in an assigned direction so as to
reach, at (x., p«), the singularity condition of the Jacobian Jy(xx, px). A normal vector to
the hypersurface S is given by:

s = Wi Jp (X, Px) (51)

where wy is the left eigenvector corresponding to the zero eigenvalue of Jy(x«, p«). The
determination of the minimum distance is then carried out according to the following
iterative procedure:

(a) Aninitial direction 79 with ||#o|| = 1 is chosen;
(b) p is varied along the direction #; in order to reach the singularity condition of the

Jacobian Jy(x;, pi) for k; such that p; = po + kin;;
©  1(iy1) = wilp(xi, pi) is set with || q)[| = 1;

(d) Stepsa,b, and c are iterated until #; — #7«.

The initial direction #9 can be chosen, for example, as the left eigenvector correspond-
ing to the minimum eigenvalue of the Jacobian J, (xo, po)-

It is worth mentioning the continuation power-flow analysis as a tool for voltage
stability analysis. The Jacobian matrix of the system of equations describing the distribution
of active and reactive power flows becomes singular at the stability limit. This method
allows the problem to be reformulated so that it remains well-conditioned for any loading
condition [25].

In the case of a two-bus system, for example, it enables the complete determination of
the nose curve, i.e., both its upper and lower branches.

4.5. Estimation of Voltage Instability by First Order and Second-Order Derivative of
Nodal Voltages

Assuming that the voltage magnitude of the generic i-th node is characterized by a
single stable or unstable aperiodic mode [28]:

Vi(t) =T (52)

We have:
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av(t)
dt
d*Vi(t)
dt?
If the system is unstable (7 > 0), then: (1) If I'; > 0:

=T
(53)

— ,.)/ZIﬂie’yt

dVi(t)
dt

d*Vi(t)
a2

>0

(54)
>0

QIfT; < 0:
dvi(t)
dt
d>V;(t)
dar?

That is, the derivatives have the same sign. As can be seen from Figure 7, in the case of

<0

(55)
<0

instability, the voltage trajectory moves further and further away from the equilibrium
point, either increasing or decreasing according to the value of T';.

I;i>0

;<0

v

Figure 7. Possible voltage trajectories in case of instability.
If the system is stable (y < 0), then (1) if I; > 0:

dvi(t)
dt
d>V;(t)
dt?

<0

(56)
>0

Q) IfT; <0:
dVi(t)
dt
d*Vi(t)
dt?

>0

(57)
<0

The derivatives have opposite signs.

This method, when extended to all nodes of the network, potentially allows the de-
tection of instability conditions based solely on the knowledge of the voltage magnitudes,
without requiring knowledge of the full state variables. Moreover, the sign of I'; provides
useful information about the direction of the instability, which can be exploited for diag-
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nostic purposes. Another important benefit is its low computational cost, which allows for
fast implementation and real-time response.

However, the method also has some limitations. It is valid only for small perturbations
around the equilibrium point, which may restrict its applicability in highly nonlinear or
large-disturbance scenarios. In addition, appropriate filtering techniques must be applied
to the measured signals in order to compute meaningful derivatives and avoid numerical
errors. The filter complexity depends on the noise affecting the voltage measurements;
a dedicated experimental campaign should be conducted in order to identify the most
suitable numerical filter and to estimate the resulting increase in computational complexity.

4.6. Estimation of the Network Model Parameters

Traditional voltage stability analysis relies on knowledge of the network topology.
A natural question is whether one can bypass the model and develop a fully data-driven
platform. The answer is affirmative, also due to the extensive research efforts devoted to
this area.
Regarding Jacobian estimation, as described in [29], one can use a stochastic load
model, where voltage magnitudes and phase variations at bus k are described as:
1 S 1 s P gxP
0, Toy
1 1 (58)
AVi = —(Q — Q}) — —Qjolde?
k= (Qk—Qp) ™ Qxoi ey

In Equation (58), 6, and Vj represent the phase and the magnitude of the voltage at
node k; P and Qy are the active and reactive power values absorbed at node k; P; and Q3
are the active and reactive power values under steady-state conditions; o and O'kQ are the
standard deviations of the two stochastic processes associated with active and reactive
power demands; Ty, and Ty, are the time constants associated with the two stochastic
processes, related to the “active and reactive power recovery” mechanism; and d¢} and
d(:]? are two Wiener processes.

These relations can be compactly expressed as a vector Ornstein-Uhlenbeck process:

dx = Axdt + Hd¢ (59)

where:

¢=[e" e
The estimation of matrix A can be effectively carried out based on the covariance
and autocorrelation matrices computed over the time window of the phase and voltage
magnitude measurements provided by the PMUs [28].
As for estimating the nodal admittance matrix, it can be treated as an inverse prob-
lem [30], and under mild assumptions can be formulated as an optimization problem using
available voltage and current measurements.
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To estimate the network admittance matrix Y from measurement data, the problem
can be formulated as a linear inverse problem and solved using a least-squares approach.
For an n-node network, the synchronous voltage measurements V (t,,) € C" and current
injection measurements I(t,,) € C" (e.g., from PMUs) are related by the nodal equation
I = YV. By collecting M measurement samples, we can state the least-squares problem as:

M
i I(t,) — YV (t)|? 60
yre%?xnm;” (tm) (tm) |2 (60)

Defining the data matrices:

[=[I(t)) I(tp) --- I(tr)] € TPM,

V= [V(h) V(t) - V(tw)] € CPM

the problem can be compactly expressed as:
min|| I = YV} (61)

where the subscript F indicates the Frobenius norm.
If V has full row rank (i.e., VVH is invertible), the least-squares solution is:

Y = vH (VVH) ot (62)

5. Indeces Tailored to Short-Term Stability

In the following section, the outcomes of the literature review focused specifically on
short-term stability indices are presented. These indices are designed to capture instability
phenomena characterized by faster and more pronounced dynamics

5.1. Short-Term Stability Overview

Short-term voltage instability refers to a rapid degradation of voltage caused by fast-
reacting load components such as induction motors, electronically controlled devices,
HVDC interconnections, and inverter-based generation [4]. Another perspective defines
it as the inability of the grid to supply the required power to its connected loads [3].
Among the main triggers, the stalling of motors and HVDC links tied to weak AC networks
are most often cited. When motors stall, they draw exceptionally high levels of reactive
current, heavily stressing both distribution and, at times, transmission systems. This
can initiate cascading events and lead to an abrupt voltage collapse with widespread
consequences [17,31].

The growing penetration of renewable energy sources (RES) further complicates the
short-term voltage instability phenomenon, as their influence can either mitigate or exacer-
bate instability depending on operating conditions. Following a disturbance, the combined
dynamics of induction motors, distributed energy resources (DERs), and their control
systems heighten the importance of closely monitoring and predicting potential instabili-
ties. Several of the key drivers of short-term instability have been thoroughly investigated
in [13,32]. By nature, short-term voltage instability unfolds within a timescale of a few
seconds, which makes real-time analysis and prediction extremely challenging.

In the examined literature, the broader category of short-term instability is divided
into four sub-phenomena: short-term voltage instability (STVI), transient rotor angle in-
stability (TRAI), fault-induced delayed voltage recovery (FIDVR), and converter-driven
slow interaction instability (CSII). These categories are often interrelated, as they occur on
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comparable timescales. Figure 8 illustrates this classification, together with example voltage
trajectories for each mechanism, adapted from [3] for illustrative purposes. Although spe-
cific system conditions or fault scenarios may lead to different waveforms, the general
patterns are representative.

4 A

Short-Term Instability Mechanisms
\§ J

v v v v

4 N

Short-Term Transient Rotor Fault-Induced Converter-Driven
Voltage Instability Angle Instability Delayed Voltage Slow Interaction
(TRAI) Recovery (FIDVR) instability (CSII)

Fault-Induced Delayed Voltage Recovery Converter-driven Slow Interaction Instabilty
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Figure 8. Classification of short-term instability phenomena [3].

Among the four, STVI is the most established and widely recognized short-term
voltage phenomenon. It is marked by a sharp and irreversible voltage decline following a
severe disturbance, where the system fails to restore voltage levels, ultimately leading to
collapse. This behavior is illustrated by the STVI trajectory shown in Figure 8.

TRAI, more commonly referred to simply as transient instability, is another classic
problem. It describes the loss of synchronism among synchronous generators (or inter-
connected systems) after a major disturbance [4]. Physically, the instability arises from
a breakdown in the torque balance, which accelerates or decelerates the rotor. If the
rotor angle exceeds its stability threshold, undamped oscillations emerge, eventually lead-
ing to the out-of-step condition. Loss of synchronism may occur immediately after the
first oscillation (first-swing instability) or after multiple undamped swings, as illustrated
in Figure 8.

FIDVR, in contrast, is a relatively recent focus in both academia and industry. It is
characterized by an excessively slow recovery of voltage after a disturbance, often followed
by an overshoot. The phenomenon is rooted in transmission—distribution interactions: a
sharp transmission voltage dip increases reactive power demand in distribution networks.
This effect is frequently associated with air-conditioning compressor motors, although other
induction-motor loads may also contribute [3,32]. Stalled motors depress the voltage for
tens of seconds until they are disconnected by thermal protections, at which point voltage
often spikes. The exact duration of FIDVR events depends on the protection settings of
numerous motors across the system. While FIDVR alone is not always an instability, it can
trigger cascading effects as multiple elements disconnect under prolonged low-voltage
stress. Its typical voltage trajectory is shown in Figure 8.

CSll is included in the four-part classification of short-term instability adopted in [3].
With the rapid growth of RES, these effects are increasingly relevant. CSII arises from
slow interactions between IBG control systems and other elements of the power system,
including synchronous generators. Although primarily a small-signal stability issue, large
disturbances can also excite CSII, producing effects similar to other short-term phenomena.
The scope of CSII is broad and can influence both voltage and frequency stability. In this
paper, however, it is treated mainly as a voltage-related issue, as inverter control schemes
can strongly affect short-term voltage dynamics. Figure 8 presents an illustrative case of
CSII, though it is not exhaustive of the many possible converter-driven responses.
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Other types of instability, such as slow frequency instability, are not explicitly ad-
dressed here. This phenomenon relates more closely to the balance of active power and
system inertia than to voltage deviations [4]. Nonetheless, it is possible for the events
shown in Figure 8 to eventually evolve into frequency instability. Similarly, short-term
resonance stability is excluded from this discussion for analogous reasons.

As indicated, all four instability types occur on a comparable short timescale, making
them difficult to distinguish, particularly in real-time applications. Moreover, they are
often interconnected, where one event can act as a trigger for another. For example, FIDVR
may escalate into large-scale voltage instability or rotor angle instability, while rotor angle
instability can precipitate STVI and vice versa. FIDVR has also been shown to create
imbalances that can evolve into short-term frequency instability. Such interdependencies
are especially concerning in systems with high RES penetration, where severe disturbances
can cause widespread disconnections. Given the intertwined nature of these events, modern
power systems require comprehensive methods capable of rapidly assessing all short-term
instability mechanisms together. This necessity forms the foundation for the analysis
presented in the following sections.

5.2. Evaluation Criteria for Short-Term Stability Indices

A considerable number of approaches in the literature aim to address the problem
of short-term instability. For any of these methods to be considered useful, they must
demonstrate predictive capabilities that go beyond the straightforward information al-
ready available from raw voltage measurements. If no clear improvement is achieved,
the method’s cost-benefit ratio becomes unfavorable and unsuitable for practical adoption.

The considered approaches share a set of common characteristics. First, in order to
ensure the fastest possible response, they rely exclusively on the direct processing of voltage
measurements provided by PMUs; therefore, these methods typically avoid the estimation
of power system parameters. For the same reason, they also aim to maintain numerical
procedures as simple as possible, with the objective of minimizing computational burden.
The absence of a network model, even in an estimated form, introduces a second feature:
the indices inherently have a local nature. In other words, stability observability is restricted
to the specific transmission lines where measurement devices are installed.

Next, several representative techniques for assessing short-term voltage stability are
examined from a theoretical standpoint. The emphasis is placed on those methods most
frequently cited in the literature and those with potential for real-time field application.
Each method is compared against a set of qualitative criteria directly tied to effectiveness
and practical deployment.

The first aspect is whether the technique requires knowledge of detailed system
models. As modern grids are becoming increasingly complex and accurate models are
rarely available in real-time, methods independent of system modeling are generally
considered more advantageous.

Real-time feasibility is also a crucial requirement, as only methods capable of operating
within tight timeframes can be realistically used for on-line monitoring. Another factor
considered is the applicability of the methods to multiple forms of short-term instability,
since adopting a unified evaluation framework is preferable. Equally important is the
adaptability of these approaches to networks with high levels of renewable energy pen-
etration, where the system dynamics are significantly altered, both in transmission and
distribution domains.

Further comparison concerns the computational effort required. Ideally, methods
should be kept computationally simple to minimize execution time, leaving sufficient
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margin for corrective or preventive control actions. Excessive processing delays reduce the
time available for mitigation.

To further enhance the time window available for the implementation of countermea-
sures, the sensitivity of the considered indices is also evaluated. Higher sensitivity enables
the index to trigger earlier alarms within the control center, thus providing operators with
a longer response horizon to initiate effective mitigation strategies.

Finally, the availability of validation results obtained from real-world data is consid-
ered an additional strength of an index. Indeed, an approach that demonstrates excellent
performance under simulated conditions may not necessarily preserve the same charac-
teristics when applied to measurements affected by realistic phenomena such as noise,
uncertainty, or missing data.

5.3. Lyapunov Exponent

The Lyapunov exponent (LE) originates from ergodic theory, a mathematical discipline
concerned with deterministic dynamical systems and their statistical properties. It provides
a tool to determine whether a system exhibits chaotic behavior at a given point in time
by quantifying the rate at which nearby trajectories diverge. Owing to this property,
the concept is broadly applicable to many classes of dynamical systems and has recently
been suggested for applications in power system dynamics. Its basic formulation can be
expressed as shown in Equation (63):

AV (H)| = eM|AV| (63)

where A denotes the Lyapunov exponent, AV is the initial voltage perturbation, and AV ()
is the corresponding deviation in voltage trajectory at time ¢ [8].

In practice, only discrete voltage measurements are available; therefore, LE estimation
is carried out using time-series data, commonly obtained from PMU recordings, according

to Equation (64):
_ 1 [V'((no + k)At)|
r= (st ) (e

Here, k represents the window size expressed in number of samples, At is the sampling
interval, ng is the index of the first sample, and V' is the voltage derivative at the given
data point [8].

Equation (63) represents the theoretical exponential separation of two neighboring tra-
jectories. In field measurements, however, two independently observed trajectories starting
from infinitesimally close initial conditions are generally unavailable. The measurement-
based formulation adopted in [8] therefore estimates a finite-time local growth rate over a
moving observation window from the ratio of voltage-derivative magnitudes evaluated
along a single measured trajectory. In this interpretation, the derivative acts as a local
tangent-direction surrogate. Equation (64) should consequently be regarded as an oper-
ational finite-time estimator rather than as an exact reconstruction of the two-trajectory
definition. Its reliability depends on local signal smoothness, adequate temporal resolu-
tion, dominance of the monitored dynamic component, and appropriate filtering, since
numerical differentiation amplifies measurement noise.

A positive LE indicates instability at the monitored bus, whereas a negative value
reflects stability. In power system studies, the largest (positive) Lyapunov exponent is
often used, commonly referred to as the Maximum Lyapunov Exponent (MLE). A rigorous
mathematical derivation of LE in the context of power grids can be found in [33,34].

There are two principal directions for applying LE in short-term instability monitoring.
The first relies on monitoring bus voltages, as in Equations (63) and (64), which directly
targets short-term voltage instability. The second employs the same mathematical frame-
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work but substitutes voltages with rotor angles of synchronous machines, thereby enabling
transient rotor angle stability assessment [35]. This dual applicability is advantageous,
as emphasized in Section 2, since a unified methodology capable of covering multiple short-
term instability mechanisms is highly desirable. Indeed, ref. [36] proposes a combined
monitoring scheme for both voltage and rotor angle stability based on LE.

A key strength of the LE approach lies in its independence from detailed system mod-
els. Its reliance on measured quantities, primarily voltages, makes it robust to modeling
errors and increasingly attractive given the rising complexity of modern grids. Additionally,
the ongoing transition to renewable-based generation is unlikely to compromise its pre-
dictive performance, although the faster dynamics introduced by inverter-based resources
may challenge the timeliness of accurate evaluations.

Nevertheless, one drawback is that computing derivatives inherently amplifies oscil-
lations, leading to highly fluctuating LE values even when no true instability is present.
This issue, observed in nearly all LE applications, complicates parameter selection and
stability assessment.

The method has been assessed through simulation on the model of the provincial
power grid at Guangdong in China.

Phase-Rectified Lyapunov Exponent

To mitigate the oscillations of the derivatives caused by noise and errors, ref. [37]
proposes a phase-rectification method to smooth the LE without severely degrading its
predictive capacity. The procedure leverages modal analysis techniques.

The voltage signal is modeled as a superposition of damped sinusoids:

= i A" cos(winAt + @;) (65)
i=1
where p is the model order, A; the amplitude, «; the damping factor, and w; and ¢; are the
frequency and phase, respectively.

Parameters can be estimated using methods such as Prony’s algorithm, the Matrix
Pencil method, or the Hankel Total Least Squares (HTLS) approach. To enhance robustness,
outputs from different engines are cross-validated, while a moving window of 1 s is used
for analysis.

If a dominant mode exists, the derivative of the system trajectory can be expressed as:

v (nAt) = Age™"™M [ w? + a2 sin(wnAt + g + 07) (66)

%
0; = arctan (— d)
Wy

Oscillations arise from the phase angle evolution. If the data window covers a full

With

oscillation, derivatives at its endpoints share the same phase; otherwise, mismatches
produce spurious variations.
To mitigate this, the derivative is normalized by the sinusoidal factor, yielding
the envelope:
v'(nAt)
sin(wynAt + ¢4+ 64)

(nat) = ®7)

max

The LE is then computed using the rectified derivative:

i (max 1+k)At)> (69)

=1 max(ZAt)
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where N is a preset averaging factor. The overall algorithm consists of:

*  Acquiring PMU voltage data and preprocessing with a moving average filter.

¢  Conducting modal analysis using multiple engines (Prony, Matrix Pencil, HTLS).
¢ Cross-validating outputs to ensure consistency.

¢ Verifying the existence of a dominant mode.

¢  Computing the derivative, and applying PR if a dominant mode exists.

¢  Estimating the LE using the PR-based or standard formula.

¢ Concluding stability if LE < 0, or instability otherwise.

While these refinements improve interpretability, they increase computational de-
mands and shorten the already limited time window available for control actions.

Figure 9 demonstrates this effect, highlighting how the choice of data window size k
strongly impacts non-rectified LEs, potentially leading to ambiguous conclusions.

(a) Phase-rectified STVS estimator (b) Unrectified STVS estimator
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Figure 9. Illustrative comparison of finite-time Lyapunov-exponent estimates obtained with and
without phase rectification for two moving-window settings, based on the phase-rectification method
proposed in [37]. In the phase-rectified case, both estimates remain below the stability threshold,
whereas the unrectified estimator may exhibit oscillations and spurious threshold crossings.

LE-based monitoring has also been tested in real-world conditions. For example,
ref. [36] presents a practical framework for applying LE in live systems, addressing chal-
lenges such as parameter tuning and measurement noise. The cited study reports that the
proposed LE-based implementation provided timely instability warnings; however, extend-
ing this success across diverse systems and operating states remains a significant challenge.

Ultimately, the central difficulty in using LE, as with other short-term stability metrics,
is balancing accuracy with speed. Reliable detection requires precise data, yet shorter
windows, while faster, reduce accuracy, and longer windows may delay countermea-
sures. Small inaccuracies in measurement or parameter estimation can produce dispropor-
tionately large errors, especially given the reliance on derivatives and the complexity of
the computation.

5.4. Transient Voltage Deviation Index

The second approach considered for short-term voltage stability assessment in this
study is the Transient Voltage Deviation Index (TVDI). Originally introduced in [38], this
quantitative metric evaluates both the magnitude of voltage deviations and the duration
of the violation, offering a measure of the system’s transient voltage behavior after a
disturbance [39].

The formulation of the method is relatively simple and can be expressed through the
following relations, given in Equations (69) and (70):

YN Yy, TVDI iy

TVSI =
’ NT-T)

(69)
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where N denotes the total number of buses in the power network, T is the considered
transient interval, T. indicates the instant of fault clearance, and TV DI represents the
transient voltage deviation index. The latter is defined as:

Vi — Viioyl y Vi — Vi)l >
TVDI = Vii0) Vii0) vt € [T, T) (70)
0 otherwise

Here, V(; ;) is the instantaneous voltage magnitude at bus i at time £, V(; ) is the
corresponding pre-disturbance voltage, and y is the threshold defining the boundary for
unacceptable deviations. The study in [38] recommends a value of y = 20% although this
parameter may vary depending on the specific system under consideration.

To better visualize the principle, Figure 10 provides a graphical representation of the
method and highlights some of the parameters defined in Equations (69) and (70).
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Figure 10. Illustrative post-disturbance voltage trajectory used to define the transient voltage devia-
tion interval, based on the method presented in [38]. The voltage-violation interval extends from the

fault-clearing instant T, to the first subsequent crossing of the unacceptable-voltage threshold Vy,.
The complete transient observation window is denoted by T.

In practice, the index shows a linear relationship with both the depth of the voltage
dip and its duration. Consequently, larger deviations, whether in magnitude or in time,
lead to higher index values, which reflect a deterioration in system stability. The metric has
been widely adopted in the literature, with applications including dynamic VAR planning,
demand response integration, and energy storage utilization [38]. It has also proven useful
in more sophisticated frameworks, such as the dynamic security assessment within a
Hierarchical Intelligent System described in [39].

The computation of the index requires reliable, accurate, and high-speed voltage
measurements, making PMUs the most suitable data source. While it is inevitably affected
by imperfections in the measurements, its sensitivity is considerably lower than that of
derivative-based approaches. Another advantage lies in its model-free nature, which makes
it, in principle, applicable to any type of power system.

Nonetheless, there are clear limitations. The most obvious is that the method only
accounts for low-voltage conditions, being designed primarily for short-term voltage
stability. As discussed in Section 2, however, short-term instabilities can take different
forms that are often interrelated. For instance, in the case of oscillatory voltage profiles,
TVDI may underestimate the severity of deviations, thereby reducing its value as an early-
warning tool or as a control signal for predictive or corrective actions. This drawback could
be partially addressed by extending the index to also incorporate overvoltage situations.

Furthermore, during Fault-Induced Delayed Voltage Recovery (FIDVR) events, the ef-
fectiveness of TVDI strongly depends on the threshold level adopted. Such events are
not necessarily characterized by extremely low voltages; rather, they involve a prolonged
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moderate undervoltage followed by a possible overvoltage spike, which in some cases pre-
cedes a voltage collapse. To properly capture the severity of these phenomena, a relatively
high threshold is required. However, this may render the index overly sensitive to normal
voltage fluctuations that do not pose real stability concerns.

TVDI represents a mathematically simple and computationally efficient measure for
evaluating the severity of voltage dips. Despite its shortcomings, it provides richer insights
than direct voltage monitoring alone and is likely to remain relevant for both present and
future power systems, though further research is still needed.

The approach has been tested using the IEEE 39-bus New England system.

5.5. Trajectory Violation Integral

The Trajectory Violation Integral (TVI) approach was originally introduced in [40]. Its
mathematical formulation can be expressed as follows:

tend

TVI = / Vi (1) dt (71)
by

where t¢ denotes the fault initiation time and ¢,,,4 is the duration of the dynamic simulation.

The function Vy (t) is defined in Equation (72):

Tlaw(t) - V(t) if V(t) < Tlow(t)
Vv(t) = q V() = Tupp(t) if V(t) > Tupp(t) (72)

0 otherwise

Here, V (t) represents the actual voltage trajectory, while the bounding curves T}y, (t)
and T,pp(t) are exponential functions given by Equations (73) and (74):

B
(1l
end
Tiow(t) = Vet (73)

Tupp<t) =2- Tlow(t) (74)

where B is a parameter controlling the exponential decay, and Vs indicates the steady-
state voltage level. At the system level, the overall index for Np buses is obtained as the
summation of the individual TVI values, as shown below:

TV = Y TV]; (75)
iENb

A graphical illustration of the methodology is provided in Figure 11.

This approach introduces a novel idea by employing the integral of voltage deviations
with respect to two exponential envelopes that represent the expected recovery path.
In essence, it serves as a measure of how much the post-disturbance voltage trajectory
diverges from these predefined exponential boundaries. As expected, it is necessary to
know the disturbance onset time. In the literature, this is done by setting a trigger threshold
on the voltage measures. Moreover, if, instead of a single disturbance, multiple overlapping
disturbances occur, it becomes necessary to modify the shape or the amplitude of the
voltage trajectory bounds.

The method captures both undervoltage and overvoltage conditions, while also ac-
counting for the duration of the violation. Unlike fixed thresholds, such as those used in
TVD], the exponential bounds evolve with time: they are broader immediately after the dis-
turbance and gradually tighten as the system approaches steady state. This feature makes
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the index more practical, since large deviations occurring later in the recovery process are
more indicative of instability, whereas early deviations are less critical.

Overvoltage contribution

o

°
o

Voltage magnitude (p.u.)
°
s

°

ndervoltage contribution
Disturbance instant, t,

Transient observation window, [tr, ten) —  Lowerbo undavy Ticult)
e
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Figure 11. Illustrative representation of the Trajectory Violation Integral (TVI), based on the method
presented in [40]. The time-varying boundaries Tjo (t) and Typp(t) define the admissible post-
disturbance voltage recovery region. The shaded areas represent the contributions to the TVI when
the voltage trajectory violates either the lower or the upper boundary.

As aresult, the metric is likely well-suited to detect other forms of short-term instability
described in Section 5. The use of exponential functions thus assigns greater weight to late
post-fault variations, which is important for all four instability categories and cannot be
achieved by static thresholds.

Another strength of the method is that it does not rely on system modeling, meaning
it can in principle be applied to any bus where accurate and high-speed voltage measure-
ments are available, independent of the share of inverter-based generation. However, while
the index provides a clear quantification of short-term instability severity, the selection of
appropriate parameters, particularly the instability threshold, is not trivial and strongly
system dependent. As such, precise stability boundaries are difficult to establish. In addi-
tion, reliance on integral values makes the approach somewhat more complex and sensitive
to measurement quality, speed, and possible errors.

The approach has been tested using the IEEE 39-bus New England system.

5.6. Contingency Severity Index

The Contingency Severity Index (CSI), introduced in [41], is grounded in the
WECC/NERC standards. Its purpose is to evaluate the severity of a voltage dip by jointly
considering both its depth and its persistence. The method can be represented through the
following equations:

CSI tf %

n
Z(wUZSIUI tf +thSItz(tf)) (76)

where w, and w; denote weighting coefficients, n is the total number of buses, and the
indices are defined as:

Vo—V, Vo -V,
|Vo deo ifl 0 deol > 0.3 (0.25if load bus)

SI(ty) = Vo o - (77)
0 otherwise
T
SL(tp) = ), +—— (78)

lqequ (tf - tcl)

Here, Vj represents the pre-disturbance voltage level, Vj,, is the deviation caused by
the fault, ¢ is the observation window, { is the clearing time of the disturbance, and T,
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represents the total duration of time intervals during which the voltage deviation remained
below the safety threshold.

For a clearer explanation, Figure 12 illustrates two disturbance cases along with the
corresponding calculation of 7. In Case 2, T represents the time interval during which the
voltage remains below 0.8Vj.

— Case 1: persistent low voltage
Case 2: temporary threshold violation
—  Voltage threshold, 0.8y

°
o
8

°

3
|
|

|
|
|

Voltage magnitude (p.u.)

Observation window, [t t]

0.0 05 10 15 2.0 25 3.0 35 4.0 45 5.0
Time (s)

Figure 12. Illustrative voltage trajectories used to define the duration component of the Contingency
Severity Index (CSI) based on the method presented in [41]. Case 1 represents a persistent post-
disturbance low-voltage condition, whereas Case 2 exhibits temporary excursions below the threshold
0.8Vp. The interval T denotes the duration of one such threshold violation.

If, after the fault is cleared, the voltage never recovers above 0.8V}, the index reaches
its maximum value of 1 (Case 1 in the figure). Further details can be found in [41].

When compared with the TVDI described in Section 5.4, the CSI is mathematically
similar. The key distinction lies in the separate computation of the deviation magnitude and
its duration, which are later aggregated in the final index. This separation makes it possible
to apply different weighting factors. In [41], this property was exploited to determine the
optimal placement of voltage support devices, using a mixed-integer dynamic optimization
framework that incorporates CSI values as inputs.

5.7. Voltage Stability Risk Index

The Voltage Stability Risk Index (VSRI) was first introduced in [42] as an indicator
of long-term voltage stability and later applied in [43] for stability assessment and to
determine optimal locations for load shedding.

The method is based on computing a moving average of bus voltages and then
evaluating the normalized relative deviation of each sample with respect to this reference.
The overall index value is obtained by accumulating the time-varying relative deviations.

Voltage instability typically appears first as a gradual reduction in voltage magnitude,
which is eventually followed by a sharp drop at the point of system collapse. The phe-
nomenon is strongly affected by overall system conditions as well as the behavior of
individual components. Since voltage magnitude by itself does not provide a dependable
indication of instability, relying solely on a fixed threshold to detect it can lead to misleading
results. In this study, a dynamic stability criterion based on the VSRI [42] is employed to
evaluate whether the system is capable of reaching a post-disturbance equilibrium state for
bus voltages.

The VSRI is derived from the time-series data of the RMS values of load bus voltages
within the system. Consider PMU measurements of a given load bus

y =y Nl
recorded at a phasor rate of 30 frames/s for a 60 Hz network and 25 frames/s for a 50 Hz
network. The calculation of the VSRI proceeds through the following steps:
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(a) Compute the moving average v; of the load bus voltage at the jth time instant, by tak-
ing the N initial samples as a moving window across the total measured sample of M
on the available PMU data (with N = 60 adopted in this study).

j
i1 Uk i=12,...,N
vj = zf] (79)
i N1k
’”% j=N+1,...,M

(b) Compute the percentage diversity d; between the voltage measured at jth instant and
the moving average value
i —vj)- 100
o= Wimv) 200 M (80)
i J
Vj
(c) Calculate the VSRI; at jth instant by dividing the area under the percentage diversity
curve by N as follows:
j<N

YI_ (dy+ dy1)Dt/2

VSRIj = J (81)
Z{c:j—N-i—l (dk + dkfl)At/z Nil<i<M
N +1<j<

where At is the subinterval in the above trapezoidal integral rule, and in this study; it is

equal to 1.

When the index converges to zero, the system voltage is considered stable, while
otherwise, it might be an indication of instability. Figure 13 and Figure 14 show an example
of the index evolution with respect to the bus voltage variation under stable and unstable
conditions, respectively.

114 0.50
= \oltage magnitude, V(t)
== VSRI

1.134 0.25

-0.25
VSRI

Voltage magnitude (p.u.)

—-0.50

Voltage Stability Risk Index (VSRI)

Voltage
-0.75

1.08 -1.00
0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0

Time (s)

Figure 13. [llustrative evolution of bus-voltage magnitude and Voltage Stability Risk Index (VSRI)
under stable post-disturbance conditions, based on the method presented in [43]. Following the
transient voltage deviation, the VSRI progressively converges toward zero as the voltage trajectory
approaches a quasi-steady-state condition.

Although the index was originally designed for long-term voltage stability assessment,
the study in [43] demonstrated that it can also be applied to short-term voltage stability
with reasonable accuracy and predictive capability in the scenarios examined. Nevertheless,
the parameter configuration presented in that work is largely ad hoc, and its applicability
to a broader range of systems and operating conditions remains uncertain.
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Figure 14. [llustrative evolution of bus-voltage magnitude and Voltage Stability Risk Index (VSRI)
under unstable post-disturbance conditions, based on the method presented in [17]. Following an
initial transient response, the VSRI does not converge toward zero and subsequently exhibits an
increasing negative deviation, while the voltage magnitude progressively deteriorates toward a
low-voltage condition. The indicated warning point and voltage threshold crossing are included for
illustrative purposes.

From both a theoretical and practical standpoint, evaluating voltage deviations relative
to a moving average can yield valuable insights into the state of the system. This approach
is valid for both present-day and future grids, and it has the advantage of not requiring
detailed knowledge of the underlying system structure.

However, whether the algorithm can consistently capture different types of short-term
instabilities in modern power networks is still an open question. For example, oscillatory
voltage behavior associated with transient rotor angle instability or converter-induced slow
interaction instability may not be weighted as severely as warranted. A similar limitation
may also arise in cases of fault-induced delayed voltage recovery (FIDVR).

The computational burden of the index itself is relatively low, but its effectiveness is
strongly influenced by parameter selection—particularly the size of the moving average
window and the threshold chosen to define instability.

The method has been tested on New England 39-bus system and a practical 246-bus
Indian system.

5.8. Al- and Machine-Learning-Based Approaches

In the last decade, the assessment of voltage stability in transmission networks has
increasingly shifted towards data-driven approaches, motivated by the availability of
high-resolution measurements from phasor measurement units (PMUs) and the growing
computational capabilities offered by modern Al platforms. Unlike traditional analyti-
cal or model-based indices, which rely on detailed system models and extensive offline
simulations, data-driven techniques attempt to learn the relationship between operating
conditions and stability margins directly from historical or simulated measurement data.
This paradigm has the advantage of bypassing some of the uncertainties associated with
parameter estimation in large-scale networks, particularly in systems with high penetration
of renewable energy, where accurate modeling is challenging. Early hybrid intelligent
systems combining preprocessing and neural-network classifiers have also been proposed
for power-system stability prediction [44]. More advanced methods such as deep neural
networks (DNNs) [9] and convolutional neural networks (CNNs) [45] have been intro-
duced to capture nonlinear dependencies and spatial correlations in voltage and current
waveforms, while recurrent neural networks (RNNs) and long short-term memory (LSTM)
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architectures [46] have been proposed for short-term voltage stability assessment processing
the dynamic post-disturbance trajectories.

Recent research has also expanded towards ensemble methods, such as random forests
and gradient boosting machines, which combine multiple weak learners to improve clas-
sification accuracy and robustness [47]. Another noteworthy direction is the application
of graph neural networks (GNNs) [10], which are particularly suitable for power systems
because they can explicitly incorporate the network topology into the learning process.
By modeling buses as nodes and transmission lines as edges, GNNs can generalize across
different grid topologies and operating conditions, offering a structured way to integrate do-
main knowledge with machine learning. Furthermore, unsupervised and semi-supervised
learning methods have been explored to reduce the dependency on labeled data, for in-
stance by clustering operating points or learning low-dimensional feature representations
that correlate with voltage stability margins.

The advantages of these Al-based approaches are evident. Once trained, data-driven
models can provide near real-time predictions of stability margins with minimal computa-
tional burden, which is crucial for wide-area monitoring and control applications. They
are capable of handling large volumes of heterogeneous data, including synchronized
PMU data, weather forecasts, renewable generation profiles, and load patterns, integrating
information that would be difficult to combine in classical analytical indices. Addition-
ally, data-driven methods offer flexibility and adaptability: models can be retrained or
fine-tuned as new data becomes available, potentially keeping pace with evolving grid
conditions. From a practical perspective, the ability of Al-based models to approximate
nonlinear mappings means they have outperformed classical approaches in several re-
ported test scenarios in terms of predictive accuracy, especially in scenarios involving
highly stressed operating points or mixed generation portfolios.

However, despite these advantages, serious limitations prevent the widespread adop-
tion of purely data-driven methods for operational use in voltage stability assessment.
First and foremost, Al models rely on the availability of large, representative, and diverse
datasets for training. Yet, real-world transmission systems rarely experience a sufficient
number of voltage collapse or near-collapse events to create such datasets. While synthetic
data generated by time-domain simulations can supplement real measurements, this ap-
proach risks embedding modeling assumptions and may not accurately reflect the dynamics
of real power systems. Moreover, the non-stationarity of power grids represents a major
challenge. The increasing integration of renewable energy sources and converter-based
technologies significantly alters the inertia, damping, and dynamic response of transmis-
sion systems over time. As a result, an Al model trained on data representative of a given
network configuration may quickly become obsolete as system conditions evolve, unless ex-
tensive retraining is performed. This problem is particularly acute in grids undergoing
rapid transformations due to decarbonization policies and distributed generation.

Another critical issue concerns the interpretability and transparency of Al-driven
indices. Operators and system planners often require methods that provide not only
accurate predictions but also physical insights into the causes of instability. Traditional
indices have the advantage of being rooted in system equations and therefore interpretable.
In contrast, the “black-box” nature of many Al models makes it difficult to understand why
a given operating point is classified as stable or unstable, which raises concerns in mission-
critical applications. Furthermore, Al models are vulnerable to data quality problems, such
as missing measurements, communication delays, or cyberattacks, which can compromise
their reliability [48]. These aspects limit their acceptance among system operators, who
prioritize robustness and trustworthiness over marginal gains in predictive accuracy.
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From an operational perspective, the deployment of an Al-based voltage stability
assessment tool cannot be reduced to a one-time training and inference process. An offline
stage is required for scenario generation, data labeling, model training, and validation on
operating conditions, network topologies, contingencies, and IBR penetration levels that
were not included in the training set. The calibration of probabilistic or confidence outputs
is also important, since an accurate classification without an indication of uncertainty may
be insufficient for mission-critical decision making.

The online stage requires time alignment of PMU and SCADA data, bad-data detection,
management of missing or delayed measurements, feature normalization, and monitoring
for inputs that are outside the distribution represented in the training dataset. The model
output should be accompanied by a confidence measure and, where possible, by physically
interpretable information or by a comparison with conventional voltage stability indices.
Periodic retraining, model versioning, cybersecurity assessment, and a validated fallback
procedure are also necessary whenever the network topology, converter controls, or operat-
ing policies change. For these reasons, Al-based methods are more appropriately regarded
at present as advisory or screening tools integrated with physics-based assessment, rather
than as autonomous protection or control triggers [9,10,48].

For these reasons, although Al and ML techniques have shown considerable promise
in academic studies and controlled simulations, their applicability to practical wide-area
voltage stability monitoring remains limited. Al-based approaches have therefore been
retained in the present review, but they are not identified as stand-alone candidates for
immediate operational deployment. Priority is instead given to hybrid solutions that
combine the data-processing capability of Al with physically interpretable indices, data-
quality supervision, and operator-validated decision logic.

6. Comparative Summary of the Reviewed Methods

Several review papers have addressed specific aspects of voltage stability assessment,
including classical static indices, PMU-based monitoring techniques, and data-driven ap-
proaches. In contrast, the present review aims to provide a unified perspective covering
both long-term and short-term voltage stability assessment methodologies, with particular
emphasis on converter-dominated transmission systems, the growing role of synchronized
measurements, and the practical implementation issues associated with real-time opera-
tional environments. Furthermore, the paper discusses the complementary use of static and
dynamic indicators, highlighting their respective applicability, computational requirements,
and limitations under evolving grid conditions.

Tables 1 and 2 provide a comparative synthesis of the long-term and short-term voltage
stability assessment methods discussed in the previous sections. The comparison high-
lights the information required for implementation, the main advantages and limitations,
the degree of model dependence, and the suitability of each method for online monitor-
ing. Its purpose is to support method selection by making explicit the trade-offs among
physical interpretability, measurement requirements, computational burden, adaptability
to changing operating conditions, and real-time feasibility.

6.1. Practical Workflow for Online Voltage Stability Monitoring

An operational voltage stability monitoring process can be organized into five func-
tional layers. The data-acquisition layer receives high-rate synchronized voltage and
current phasors from PMUs together with slower SCADA measurements, equipment sta-
tus signals, and network topology information. The preprocessing layer performs time
alignment, timestamp and communication-latency checks, bad-data detection, filtering,
missing-data handling, and disturbance-event detection.
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Table 1. Summary of methods for long-term stability.

Index Information Required for Calculation = Advantages Disadvantages
Nodal admittance matrix (Y); bus Fast computation; good estimation of . L
. . . e - Requires accurate Y; less precise in
L-index voltages (phasors); load stability margin; possible to compute

currents/powers

using PMU voltage and current data

complex meshed networks

Sensitivity Matrix

Jacobian matrices (P /06, dP/dV,
0Q/0d0,9Q/aV); load-flow
operating point

Identifies critical buses; works as
early-warning indicator; applicable to
the whole network

Requires accurate network model

Modal Analysis

Jacobian eigenvalues and eigenvectors

Identifies critical modes; provides
global system insight

Computationally heavy (eigenvalue
decomposition)

Reactive Power
Solvability

Susceptance matrix; reactive powers at
buses; voltage magnitudes

Strong physical interpretability; based
on mathematical solvability conditions

Requires detailed network parameters;
more complex to implement

Minimum Distance
to Instability

Jacobian matrix and derivatives;
iterative loading direction search

Quantifies the distance to voltage
collapse; very accurate

Very high computational burden; not
suitable for real time

First and Second
Derivative of Nodal
Voltages

Measured V (t) time series; first and
second derivatives

Model-free; very fast; good
early-warning capability

Highly sensitive to noise; valid only
for small disturbances

Data-driven Model

PMU voltage and current
measurements; stochastic load

Does not require complete network
model; adaptive to changing operating

Requires high-quality PMU data;
estimation accuracy depends on

Estimation L. . X conditions; suitable for measurement quality and
statistics; time-series data . - N .
online monitoring statistical assumptions
Table 2. Summary of indices for short-term stability.
Index Information Required for Calculation = Advantages Disadvantages

Lyapunov Exponent
(LE)

Voltage time series; signal derivatives;
moving analysis window

Model-free; can capture multiple
instability mechanisms; also applicable
to rotor-angle stability

Very sensitive to noise; strong
oscillations in the derivative; hard to
tune parameters

Phase-Rectified
Lyapunov Exponent
(PR-LE)

Modal decomposition (Prony, Matrix
Pencil, HTLS); identification of
dominant mode

Smoother and more robust than LE;
improved interpretability

Higher computational burden;
reduces the available reaction time

Transient Voltage
Deviation Index
(TVDI)

Voltage V (t); pre-fault voltage Vj;
safety threshold

Simple and robust; captures depth and
duration of voltage dips

Cannot capture oscillatory behavior;
strongly dependent on
threshold choice

Trajectory Violation
Integral (TVI)

Voltage V (t); upper and lower
exponential recovery bounds

Captures both undervoltage and
overvoltage; adaptive thresholds
reflect voltage recovery behavior;
suitable for many types of instability

Requires tuning of parameters; higher
computational effort

Voltage V (t); deviation magnitude;

Contingency ; o Separates depth and duration; useful Depends on predefined thresholds;

. duration of violation; fault .. . .
Severity Index (CSI) R for optimizing VAR support placement less generalizable across scenarios

clearing time
Voltage Stability Moving average of bus voltage; relative ~ Lightweight; model-free; good Strong dependency on Wlndow S12€
. L o o e may not capture oscillations or slow
Risk Index (VSRI) deviation curve; area under deviation  predictive capability in some systems L
deviations, e.g., FIDVR
. Large historical or simulated datasets; ~ Very high accuracy; near real-time Requires large, representative datasets;

Al/Machine ; - - Iy o

. PMU data streams; contextual data, evaluation; learns nonlinear low interpretability; sensitive to
Learning Approaches

such as load, RES, and weather

system behavior

missing data or cyber issues

The assessment layer can include two parallel computational branches. A model-based

branch updates the network representation and computes quasi-static indicators, such as

the L-index or reduced-Jacobian and singular-value metrics, at the rate allowed by the

state estimator and topology processor. A measurement-based branch processes high-rate

PMU trajectories and calculates short-term indices after a disturbance has been detected.

The two branches therefore operate on different time scales and should not be expected to

provide numerically comparable outputs.

The outputs of the individual methods should not be interpreted directly as opera-

tional alarms. A decision layer should first associate each index with data-quality and

estimation-confidence information and then apply operating-condition-dependent thresh-
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olds, persistence criteria, and spatial-consistency checks. A fusion stage can combine the
slower quasi-static stability margin with the faster post-disturbance trajectory information,
identify the most critical buses or areas, and assign an alarm severity level. The resulting
information can then be presented to the operator and linked to predefined remedial-action
procedures while preserving operator supervision.

Measurements, calculated indices, alarm states, and operator actions should be finally
archived. These records support periodic threshold recalibration, model validation, and the
evaluation of false alarms and missed detections. The process described here represents
a conceptual synthesis of the implementation requirements emerging from the reviewed
literature and is not presented as a newly validated engineering framework [1,7,8].

6.2. Threshold Definition and Calibration

The difficulty of defining warning thresholds arises from both the intrinsic properties
of voltage stability indices and the current limitations of calibration procedures. From an
intrinsic perspective, most indices are proxy quantities whose relationship with an opera-
tional security boundary depends on network topology, loading direction, generation mix,
converter-control modes, equipment limits, disturbance type, and assessment time scale.
Even when a theoretical limiting value exists, such as the L-index approaching unity or
the minimum singular value approaching zero, that value represents the mathematical
collapse boundary rather than the earlier alarm level required for preventive operation.

For trajectory-based indices, the threshold, persistence time, moving window;, or re-
covery envelope is often part of the index definition itself. These parameters determine the
balance between sensitivity and false-alarm probability and therefore cannot generally be
transferred unchanged between systems.

A second limitation concerns the available calibration methods. Warning levels are
often derived from a finite set of offline simulations and may not adequately represent
changes in topology, loading pattern, IBR penetration, control settings, or measurement
quality. Context-dependent thresholds conditioned on the current operating state, together
with probabilistic confidence intervals, persistence criteria, and spatial consistency checks,
can improve adaptability. Nevertheless, such techniques reduce rather than eliminate
system dependence. Threshold calibration should therefore be treated as a continuous
operational process supported by representative simulations, archived events, and periodic
performance assessment.

6.3. Joint Use of Singular-Value and Lyapunov-Based Indicators

The minimum singular value of the reduced Jacobian and an MLE-based indicator
can provide complementary information, but their joint application requires two distinct
computational paths. The singular-value branch depends on an updated network topology,
state estimate, operating point, and Jacobian matrix. It is therefore suited to continu-
ous quasi-static monitoring and can be used to identify progressive network stress and
electrically weak areas.

The MLE branch instead processes high-rate synchronized voltage measurements
following a detected disturbance. Its implementation requires signal filtering, numerical
differentiation, an appropriate moving window, and sufficient PMU observability in the
monitored area. It provides information on the local divergence or recovery of the measured
trajectory rather than on the distance to a power-flow singularity.

Since the two outputs have different physical meanings, numerical scales, update rates,
and uncertainty sources, they should not be combined by directly adding or averaging their
numerical values. A decision-level fusion scheme is more appropriate. The quasi-static
indicator can define the pre-disturbance stress condition and identify areas requiring closer
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observation, while the dynamic indicator can provide event-triggered information on the
subsequent voltage trajectory. Each output should be accompanied by data-quality and
confidence information before a combined alarm level is assigned.

The principal implementation obstacles are the dependence of the singular-value
index on topology and model accuracy, the sensitivity of MLE estimation to noise and
parameter selection, incomplete PMU coverage, communication latency, time-alignment
errors, and the need to validate joint alarm logic across representative contingencies.
Consequently, collaborative implementation is technically feasible, especially where EMS
and WAMS infrastructures are already integrated, but it is not a plug-and-play procedure
and requires system-specific engineering and validation.

7. Conclusions

This review examined the principal methods and indices proposed for long-term and
short-term voltage stability assessment in modern transmission systems, with particular
attention to the increasing penetration of inverter-based resources and to the availability of
synchronized measurements from PMUs and Wide Area Monitoring Systems. The reviewed
approaches were compared in terms of their physical basis, information requirements,
computational burden, applicability to real-time monitoring, and principal limitations.

For long-term voltage stability assessment, L-index, sensitivity, modal-analysis,
singular-value, solvability, and distance-to-instability approaches provide physically inter-
pretable information related to network loading and proximity to power-flow singularity.
Their application in operational environments, however, depends on the availability and
accuracy of the network model, reliable topology tracking, and the calibration of warn-
ing thresholds under different operating conditions. Data-driven estimation of network
and Jacobian parameters may reduce the dependence on a fully specified model, but its
applicability remains contingent on PMU coverage, measurement quality, system exci-
tation, and the ability of the estimation procedure to follow changes in topology and
operating point.

For short-term voltage stability assessment, Lyapunov-based and trajectory-based
indices provide model-light or model-free means of processing post-disturbance voltage
measurements. The studies reviewed in this paper report promising detection capabilities
under the specific systems and disturbance scenarios considered. Nevertheless, their
reported performance depends on the sampling rate, numerical differentiation and filtering
procedures, moving-window length, disturbance type, and adopted decision thresholds.
These dependencies should be carefully considered before transferring parameter settings
or thresholds from one system to another.

Artificial-intelligence and machine-learning approaches can represent nonlinear rela-
tionships and support rapid stability classification. Their practical deployment, however,
requires representative training datasets, adaptation to changes in network topology and
operating conditions, sufficient interpretability, and resilience to missing, delayed, or cor-
rupted measurements. These requirements currently limit the direct transfer of many results
obtained in simulated environments to operational wide-area monitoring applications.

The reviewed literature does not identify a single voltage stability index that simul-
taneously satisfies all requirements related to physical interpretability, model indepen-
dence, computational efficiency, adaptability, noise tolerance, and early-warning capability.
The combined use of complementary quasi-static and dynamic indicators therefore rep-
resents a promising direction for wide-area monitoring, but it should not be interpreted
as a universally validated solution. Its practical implementation requires time synchro-
nization, data-quality assessment, consistent model and topology updates, operating-
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condition-dependent thresholds, and validation against representative contingencies and
field measurements.

Future research should therefore focus on reproducible benchmarking procedures,
uncertainty quantification, adaptive threshold calibration, validation using realistic and
field-derived datasets, and the integration of physically interpretable and data-driven
methods into operator decision-support processes.
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